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A B S T R A C T   

Precise estimation of groundwater level (GWL) fluctuations has a substantial effect on water resources man
agement. In the present study, to forecast the regional mean monthly time series groundwater level (GWL) with a 
range of 4.82 (m) in Urmia plain, three different layer structures of Gated Recurrent Unit (GRU) deep learning- 
based neural network models via the module of sequence-to-sequence regression are designed. In this sense, 180- 
time series datasets of regional mean monthly meteorological, hydrological, and observed water table depths of 
42 different monitoring piezometers during the period of Oct 2002–Sep 2017 are employed as the input vari
ables. By using Shannon entropy method, the most influential parameters on GWL are determined as regional 
mean monthly air temperature (Tam), precipitation (Pm), total (sum) water diversion discharge (Wdm) of four 
main rivers. Nevertheless, Cosine amplitude sensitivity analysis confirmed Tam as a dominant factor. For pre
venting overfitting problem, an algorithm tuning technique via different kinds of hyperparameters is operated. In 
this respect, several scenarios are implemented and the optimal hyperparameters are accomplished via the trial- 
and-error process. As stated by the performance evaluation metrics, Model Grading process, and Total Learnable 
Parameters (TLP) value, the innovative and unique suggested model (3), entitled GRU2+, (Double-GRU model 
coupled with Addition layer (+)) with seven layers is carefully chosen as the best model. The unique suggested 
model (3) in the optimal hyperparameters, resulted in an R2 of 0.91, a total grade (TG) of 7.76, an RMSE of 0.094 
(m), and a running time of 47 (s). Thus, the model (3) can be certainly employed as an effective model to forecast 
GWL in different agricultural areas.   

1. Introduction 

Groundwater considers a noteworthy freshwater supply all over the 
world. Howbeit, this natural source has confronted with diverse prob
lems such as anthropogenetic processes, climatical change conse
quences, and naturalistic events that menace its availability 
(Houéménou et al., 2020). Overconsuming groundwater resources by 
industry and farming sections has brought about extreme water famine 
and long-lasting hydrological and ecological disasters (Alabjah et al., 
2018). 

A groundwater level (GWL) is a consequence of diverse time-limited 
and autonomous procedures with unnatural and natural basics. Accurate 
prediction of GWL fluctuations trend is regarded as a fundamental 

process to recuperate the groundwater resources and functional super
vision by monitoring the waterway. But, due to uncertainties in the 
hydrogeological and meteorological factors, nonlinear interactions, and 
some human activities, defining a mathematical method to determine 
GWL over a long period in the agrarian districts is contemplated as an 
arduous undertaking and also a hot subject for many scholars (Ragha
vendra and Deka, 2016). 

Routinely, a hydrogeological process can be scrutinized by three 
approaches, including physical, statistical, and artificial intelligence (AI) 
methods. Lately, by perceptible progressions in computer knowledge, 
some sophisticated mathematical methods have been presented con
cerning environmental and groundwater hydrology (Gharehbaghi, 
2016, 2017, 2022; Dalkiliç and Gharehbaghi 2021; Chen et al., 2017). 
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Numerical methods were derived from the partial differential equations, 
yet they have some own restrictions and hitches such as the buildup of 
physical data, especially for the long-term GWL forecasting (Daliako
poulos et al., 2005). 

To date, to lessen the difficulties and limitations pertinent to nu
merical methods, some standalone Data-Driven methods (DDMs), Ma
chine Learning-based models (MLMs) have been developed for 
forecasting GWL (Shiri et al., 2013; Sahoo and Jha, 2013; Mohanty et al., 
2013; Meshgi et al., 2014; Mirzavand et al., 2015; Chang et al., 2016). In 
spite of these methods were characterized as fairly flexible and sys
tematic schemes, some shortcomings have been reported such as over
fitting problem and extreme uncertainty (Yoon et al., 2011). As well, 
since the non-stationary time series GWL, the conventional artificial 
neural networks (ANNs) like Feed-Forward Neural Network (FFNN) 
models were encountered serious difficulties such as weights adjustment 
and lack of capabilities for remembering prior information (Coulibaly 
et al., 2001; Feng et al., 2008). 

To exclude the all-above-mentioned problems, novel structures of 
big data analytics by a specific kind of Deep Neural Network (DNN) 
based models were developed to address precisely the long-term 
randomization and non-stationery nature of GWL. They have been 
renewed as the innovative generation of ANNs in numerous scientific 
disciplines in recent years. Generally, DNN models have interior self- 
looped cells which cause to recall the prior info and make it efficient 
for performing time series-based tasks (Graves, 2012). They represent a 
substantial performance in the capability of neural networks (NNs) for 
mechanically engineering problem-related aspects and learning 
extremely intricate data distributions in the fields of water resources and 
hydrology (Shen, 2018). The foremost advantage of modelling by DNNs 
is that physical relationships and variables required for defining the 
physical environment do not necessitate to be clearly described. Con
cerning, they evaluate the relationship between model input/output by 
a reiterative aspect of the learning process (Solomatine and Obstfeld, 
2008). 

As this study focuses on a time series forecasting task and the 
behavior modelling also includes temporal dependencies, consequently, 
Gated Recurrent Unit (GRU) neural network, DNNs-based, could be 
contemplated as an opposite option (Rumelhart et al., 1986). GRU was 
recommended by Cho et al. (2014) and evolved as a state-of-the-art 
architecture of recurrent neural networks (RNNs). It has a comparable 
chain-form building with conventional RNNs, yet the interior functions 
in GRU cells are further elaborated by supplementary cell states in which 
information can be kept. It can successfully forestall the inherent 
gradient disappearance difficulty in the conventional neural network 
under the historical data by using relevant internal gates (Pan et al. 
2020). Practically, GRU as an extemporized form of RNNs is proficient in 
learning long-term dependencies and sequence data modelling on con
dition that the data volume is not too big (Cho et al. 2014). In fact, GRU 
ponders as a modification type of Long Short-Term Memory (LSTM) as 
the most common version of DL-based neural network. Albeit both 
models perform in the same way, GRU deliberates as a stand-in neural 
network because it is calculably cheaper, a quicker learning curve, more 
condensed construction, and less learnable parameters (Zhang et al., 
2018; Park et al., 2019). 

In the present study, different layer structures of GRU model are 
designed that the new suggested robust DL-based structure (3), con
siders an innovative coupled version of GRU neural network. It is will
fully developed to increase the estimation accuracy of the time series 
GWL. Thus, we do not confine our analysis only to the traditional 
network structure of GRU model. 

Lately, LSTM neural network model has been frequently utilized in 
the field of hydrological science by majority of scholars to forecast lake 
water level (Liang et al., 2018), short-term daily reference evapotrans
piration (Yin et al., 2020), and water table depth in different areas 
(Zhang et al., 2018; Bowes et al., 2019; Vu et al. 2020; Jeong et al. 
2020). Jeong and Park (2019) employed different DNN methods to 

forecast GWL. The results confirmed that LSTM and NARX (Nonlinear 
Auto-Regressive Exogenous) neural network models were more precise 
than ARX and GRU models. Chen et al. (2020) developed a substitute 
method of groundwater modeling via GRU neural network model to 
progress the effectiveness of parameter auto-calibration and global 
sensitivity analysis. The results attested that GRU-based adoptive model 
showed a high capability to handle dilemmas with multiple time series 
output. Gao et al. (2020) forecasted short-term runoff with GRU and 
LSTM neural networks without using time step optimization in sample 
generation. They reported that GRU model yielded in equivalent results 
as well as LSTM model, however, GRU model was selected as a favored 
model, as it needs less time for model training. Ghasemlounia et al. 
(2021) forecasted GWL fluctuations by operating Bi-directional Long 
Short-Term Memory (BiLSTM) deep neural network without employing 
meteorological and hydrological variables. They reported the proposed 
model (simple Double-BiLSTM model combined by Multiplication layer 
(×)) with the module of sequence-to-one as the superior model. This 
model in the piezometer 4 with a range of 4.49 (m) resulted in an R2 of 
0.89 and an RMSE of 0.17 (m), yet in the similar physical features, the 
simple Double-BiLSTM model resulted in an R2 of 0.77 and an RMSE of 
0.25 (m). Wunsch et al. (2021) compared the ability of different artifi
cial neural networks, including LSTM, convolutional neural networks 
(CNNs), and NARX neural network in forecasting 17 groundwater wells 
within Upper Rhine Graben region. They equated the performance of 
developed models for predicting on 4-year period by using both 
sequence-to-one (seq2val) and sequence-to-sequence (seq2seq) modules 
via both GWLt-1 and existing meteorological as the input parameters. 
The results confirmed that in the lack of training information, NARX 
model was generally outclassed in both seq2val and seq2seq forecasts 
module compared to the advanced DL techniques. 

Although the function of LSTM is a growing investigation domain, 
the performance of different layer structures of GRU neural network 
model for predicting more complex natural phenomena is scarce, yet. To 
the best of the authors’ knowledge, despite various examinations in the 
prediction of GWL using the traditional structure of DL-based models, no 
investigation has been executed in the literature on probing the function 
of exclusive suggested model. The novelty of this research is developing 
an advanced GRU-based neural network structure with the module of 
sequence-to-sequence regression for the prediction of intricate natural 
phenomena such as time series GWL fluctuations. 

The scope and main aims of the current study are as follows: 1) to 
develop different layer structures of GRU based neural network models 
for precise prediction of the regional mean monthly GWL using observed 
long-period water table depth of several piezometers, hydrological, and 
meteorological datasets with time series characteristics in Urmia plain, 
West Azerbaijan, Iran; 2) to specify the optimal amount of intended 
hyperparameters such as kind of state activation function (SAF), number 
of neurons (NoN), network architectural design (NAD), and dropout rate 
(P-rate) for well-configuration of designed models to lessen the impact of 
overfitting problem; and 3) to evaluate and analogize outcomes of 
modelling to single out the best-designed model by statistical metrics. 

2. Materials and methods 

2.1. Study area and data acquisition 

Urmia Plain is placed on the western side of Urmia Lake, in Urmia 
City, West Azerbaijan Province, Northwest of Iran, among 44

◦

55ʹ- 
45

◦

18ʹE longitude and 37
◦

20ʹ-37
◦

49ʹN latitude coordinates with 1310 
(m) above sea level. It has very fertile land, a cold, semi-arid climate, 
and an area of about 98,100 ha. Nazloochaei, Rozehchaei, Shahrchay, 
and Barandozchay are the main rivers and chief surface water stores to 
irrigate this region that after crossing the western highlands flow into 
Urmia Lake. The total mean yearly water diversion inflow discharge by 
main rivers is approximately 830E + 6 (m3). Fig. 1 describes the 
geographical location map of the study area. 
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In summer season the amount of real evapotranspiration (ETa) is 
high, so groundwater and surface stores are used as supplementary 
supplies along with local precipitations. The mean annual ETPot is 
800–1400 (mm). Peak rainfall is mostly concentrated in the months of 
January to May. Mean annual precipitation and temperature were re
ported almost 304 (mm) and 13.5 (◦C), respectively (EARWO, 2020). 
Therefore, the area is exposed to water drought and consequently, 
groundwater has a significant influence. Urmia plain aquifer is uncon
fined wherein the stream direction of groundwater is from the west on 
the way to Urmia Lake. 

In the current research, to estimate the time series GWL in the study 
area, time series datasets of 180 monthly meteorological, observed 
water table depths of 42 different piezometers, and hydrological data
sets during the period of Oct 2002–Sep 2017 are used. The 

meteorological variables are regional average monthly air temperature 
(Tam), precipitation (Pm), and evaporation (ETm) collected from different 
meteorological stations and the used hydrological variable is the 
regional total (sum) mean monthly water diversion discharge (Wdm) of 
the main rivers collected from different hydrometry stations positioned. 

Fig. 2 illustrates the site of the observation piezometers, meteoro
logical, and hydrometry stations in the study region together with Urmia 
Lake, basin, and main rivers. As can be seen from Fig. 2, entirely 42 
monitoring piezometers are applied so as to cover all study regions with 
randomly observed water table depth. 

Time series plots of regional mean monthly GWL, meteorological, 
and hydrological variables between Oct 2002–Sep 2017 are presented in 
Fig. 3 (A-E). According to Fig. 3, the variables used have a time 
dimension, so time in the monthly dimension should be utilized as an 

Fig. 1. Geographical location map of the study area.  

Fig. 2. Place of the piezometers and meteorological and hydrometry stations in Urmia plain, West Azerbaijan Province, Iran.  
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independent factor. 
Table 1 presents some descriptive statistics of the variables used 

wherein CV and STDV signify the coefficient of variation and standard 
deviation, respectively. According to Table 1, the range of GWL between 
Oct 2002–Sep 2017 is 4.82 m. 

2.2. Data preprocessing and sensitivity analysis 

The collected datasets are appraised to determine the most operative 
variables on GWL between Oct 2002–Sep 2017 in the study area. Since 
the performance of any modelling technique in the accurate forecasting 
of target primarily relies on an appropriate selection of predictors, inapt 
choosing could undesirably affect the performance of methods. 
Regarding, in the current investigation, via a weighting method, the 
most important input variables are determined. Finding a suitable 
weight for each variable has been regarded as one of the chief principles 
in Multi-Attribute Decision Making (MADM) problems. Concerning, 
Shannon entropy (shortage of certainty of some measures) approach 

which was introduced by Shannon (1948), is one of numerous methods 
for obtaining weights conferred in the literature. Because the continuous 
distribution of a random variable varies from skewed to normal proba
bility, the entropy value increases. Consequently, a small value of en
tropy signifies a futile random variable and more irregularity in a system 
(Shannon 1948). Shannon entropy can be computed by following steps 
(Shannon 1948): 

Step 1: Normalize the decision matrix: 

fij =
xij

∑m
j=1xij

, (j = 1,⋯,m, i = 1,⋯, n) (1) 

Step 2: Calculate entropy: 

Ei = − k
∑m

j=1
fijLnfij (2)  

k =
1

Lnn
(3)  

where xij is the rating of meteorological or hydrological station i 

Fig. 3. Time series plots of mean monthly used variables between Oct 2002–Sep 2017 in the study district (Urmia plain) including: (A) Evaporation, (B) Tem
perature, (C) Water Diversion, (D) Precipitation, and (E) mean monthly GWL. 
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Fig. 3. (continued). 
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concerning variable j, m is the number of variables, fij is the normalized 
xij, n is the number of stations, k is the entropy constant, and Ei is the 
amount of entropy for variable i. 

Step 3: Determine uncertainty: 

di = 1 − Ei (4)  

where di show the degree of deviation or uncertainty of the data for 
variable i. 

Step 4: Determine the significance of variable i: 

Ŵ j =
di

∑m
i=1di

(5)  

where Wj indicates the weight vector of variable j. 
Table 2 presents the computed Shannon entropy weight value for 

used time series meteorological and hydrological variables with respect 
to GWL. The computed weighting coefficients show the comparative 
significance and heterogeneousness of each selected variable for pre
dicting the time series GWL. On the basis of Table 2, the effect of ETm on 
GWL is discardable because of its minimal total weight value and 
consequently least impact. Thus, Pm, Tam, and Wdm elite as the ultimate 
effective input variables; Which, among these variables, Tam owing to 
the maximum total weight value has a high degree of status and con
tributes strongly in forecasting GWL as the methods target. 

By discounting the effects of ETm for small Shannon entropy weight 
value, GWL in final functional form would be as follow, 

GWL = f (Tam,Pm,Wdm) (6) 

Equation (6) is a time series of multi-input and one-output variables 
and considers capable of modelling by DNNs to forecast GWL. 

A sensitivity analysis for variables used in Equation (6) is adopted to 
explain the impression of each input variable on the model target by 
varying each input variable in a fixed rate and preserving the other input 
variables as fixed ones. Cosine amplitude scheme is employed to 
implement the sensitivity analysis as follow (Momeni et al., 2014), 

Rij =

∑N
k=1

(
IikOjk

)

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑N

k=1
I2
ik
∑N

k=1
O2

jk

√ (7)  

where Ii and Oj are the input and output variables, and N is the total 
number of datasets. Rij value ([0,1]) clarifies the strength of relationship 
between every input variable and the output in Equation (6). Fig. 4 re
veals the results of Rij that as can be seen, Tam is the utmost sensitive and 
significant variable in Equation (6) for forecasting GWL. 

Albeit it is principally expected that Pm and Wdm to be as most 
influential parameters in GWL, according to Table 2 and Fig. 4, Tam is 
qualified as the dominant factor. An explanation for this unconven
tionality is that, whereas Urmia plain is largely located in a semi-arid 

part of Iran and consequently perceptible reduction of rainfalls rate 
and main rivers discharge in this region, Tam plays a substantial role in 
GWL and has also significant effect in hydrological studies. 

2.3. Models design 

In relation to Table 1 and Fig. 3, it is intelligible that GWL has un
stable behavior by the kurtosis and skewness. It can be distinguished 
that there is a high degree of basic complexity nature and non-linearity 
relationships among the time series variables used in Equation (6). 
Consequently, robust accurate techniques are required. 

As above-mentioned, in this investigation, to forecast the time series 
GWL, three different layer structures of GRU-based neural network 
models are developed. Since the severe vacillations of GWL bring about 
inaccuracy and adversative effects on the learning capability of models, 
all datasets initially should be normalized to unit variance and zero 
mean. Then, all inputs and output variables are separated into two 
subsections. In this sense, 70 % of total datasets (the first 120 months) 
are utilized for calibration of models and the remaining (60 months) are 
applied for validation. 

2.3.1. Gated recurrent Unit (GRU) neural network 
Typical neural networks presume the input/output variables are 

autonomous from each other and do not take into consideration the 
influence of prior information on the inputs that are not appropriate 
supposition for long-term time series prediction. Nevertheless, RNNs 
(recurrent neural networks) can remind the prior information and use it 
for estimating the target. At large, since RNNs can maintain the previous 
information, they can tentatively handle information in randomly long 
sequences. But, the ordinary RNNs with backpropagation (BP) training 
algorithm in the learning long-term dependencies presented practically 
weak performance and come upon problems in modeling (Athiwaratkun 
and Stokes, 2017). 

GRU employs a particular gating mechanism of recurrent neural 
networks (RNNs) in which for resolving integral deficits and improving 

Table 1 
Statistical parameters of used time series variables between Oct 2002–Sep 2017 in the study area.  

Variables Data period Min Max Mean STDV Skewness CV 

ETm(mm) Whole period 0  312.5  116.66  98.44  0.29  0.84 
Tam (◦C) Whole period − 5.3  25.6  12.37  8.7  − 0.13  0.7 
Pm (mm) Whole period 0  158.34  25.44  28.86  2.01  1.13 
Wdm (m3/s) Whole period 0.25  120.53  16.07  19.34  2.38  1.2 
GWL (m) Whole period 4.96  9.78  7.37  1.08  0.12  0.15  

Table 2 
Computed weight value for used time series variables with respect to GWL by 
Shannon entropy scheme.  

Variables ETm Tam Pm Wdm 

Weight Value (%)  2.79  43.47  20.71  33.03  

Fig. 4. Results of Rij with respect to input variables.  
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capability in learning long-period dependencies of the primary RNNs (i. 
e., vanishing gradients), a specific structure was subjoined to its cell. 
Fig. 5 explains the functional mechanism and interior memory cell of 
GRU. In Fig. 5, it is supposed that rt is reset gate of GRU at time t, xt is the 
input at time t, and ht-1 is the hidden state at time t-1. Moreover, Wr and 
Ur signify a weight matrix for the input data and hidden state, respec
tively (Cho et al. 2014). Contrary to LSTM, GRU does not contain iso
lated memory cells, vice versa it employs a single hidden state ht to 
distribute info over time steps. As well, the input and forget gates are 
united with an update gate (z), and rt is straightly applied to ht-1 to attain 
ht (the candidate state) which is added to ht (Chen et al., 2020). The 
paradigm of GRU is portrayed via the following equations (Cho et al. 
2014):  

zt=σ(Wzxt+Uzht-1+bz)                                                                     (8)  

rt=σ(Wrxt+Urht-1+br)                                                                      (9) 

h̃t = tanh
(
Wh̃xt + Uh̃ (rt × ht− 1) + bh̃

)
(10)  

ht = (1 − zt) × ht− 1 + zt × h̃t (11) 

In the above-mentioned equations σ and tanh are the logistic sigmoid 
and hyperbolic tangent functions, respectively, the symbol “× ” char
acterizes the element-wise multiplication, and b is the bias vector. They 
are all learnable and unshared factor sets. On account of the sigmoid 
function impact, all gates are a vector with amounts limited within the 
range (0, 1). At what time that rt is closed, GRU will overlook ht-1 and 
are affected just by xt. Also, zt regulates how much information of ht-1 
can be exceeded to ht (Cho et al. 2014). 

2.3.2. Model development 
In this investigation, to progress the ability of designed models, the 

algorithm tuning technique is operated. For sake of this aim, by tuning 
the type of SAF, P-rate value, NoN, and NAD as main hyperparameters is 
tried to achieve a suitable configuration to thwart the overfitting 
problem in the designed models. Since there is not an efficient principle 
to predetermine appropriate main hyperparameters for a given model 
on definite data, the current process considers a time-consuming and 
demanding task. In this direction, numerous scenarios are characterized 
and the apt main hyperparameters are achieved by the user via a trial- 
and-error process. 

First of all, as suggested by Maier et al. (2010) the framework of ANN 
models ought to be designed consistent with the intentions of research. 
In this respect, we initially developed the general Single-GRU layer 
network model (1) by MATLAB 2021a as is shown in Fig. 6 (a). Then, for 
the sake of tuning NAD hyperparameter, two different deeper structural 
models (2) and (3), namely GRU2 and GRU2 + models, are developed, 
as are shown in Fig. 6 (b) and (c). As seen in Fig. 6, the number of layers 
in the structural models (1), (2), and (3) are 5, 6, and 7, respectively. 
Indeed, the model (2) is a simple Double-GRU model, whereas the new 
proposed model (3) is Double-GRU coupled with Addition layer (+) with 

the module of sequence-to-sequence regression. The model (1) is re
flected as our baseline and is applied to compare with the performance 
of other designed models. 

In the structure of designed models, the first layer intakes sequence 
and time series input variables into the layers’ network models. In this 
respect, Tam, Pm, Wdm are utilized with time steps standing for months as 
input variables, so its size in all developed GRU based structures is set to 
3. Addition layer adds input variables from several neural network 
layers’ element-wise with an equal dimension. The number of inputs in 
this layer is regulated indiscreetly by MATLAB software, yet it has 
merely a sole output (The MathWorks, Inc., 2021a). 

DNNs are suitable to analyze large datasets, but too high ones can 
simply cause overfitting. In connection with this, because Dropout layer 
offers a functioning regularization system, it was utilized to preclude 
this problem (Hinton et al., 2012). The topmost influence of Dropout 
layer is that at each training repetition by updating the system, it dis
counts systematically or dropout some neurons in operated layers with a 
probability rate of P-value (Srivastava et al., 2014). In the present pre
diction, to tune P-rate, values of 0.4, 0.5, and 0.6 are utilized. 

Albeit GRU neural network layer has enough skill to learn long-term 
time series data, its fitting facility could be inadequate (Zhang et al., 
2018), so Fully Connected layer (FC) must be added to the utilized 
structures. It multiplies the inputs by a weight matrix and next adds a 
bias vector to expand the fitting ability of designed models (The Math
Works, Inc., 2021a). Regarding, its input size in developed models in the 
training stage is set to “auto” to specify automatically its size by MAT
LAB software, and its output size is set to 1. 

The ending layer of designed GRU based models is chosen as a 
regression output layer by which estimates “half-mean-squared-error 
loss” for regression missions by loss function as: 

Loss =
∑N

i=1

(
yo − yp

)2 (12)  

where yp and yo are the predicted and observed value of GWL at time i, 
respectively. 

To tune SAF, various mixtures of tanh and softsign as the activation 
function are used in GRU layers and to tune NoN, diverse values in each 
model are tested with the gate activation function of sigmoid. 

To update the network bias and weights of the training options in the 
designed models, “Adam” optimization algorithm with 1000 maximum 
reiterations with an “Initial Learning Rate” of 0.5 is selected. Also, to 
lessen the impact of padding, the value of “Mini Batch Size” is set to 20 
and “Gradient threshold” is also set to 1 to deter the gradients exploding 
predicament. Indeed, these appointed factors are the norm of the 
developed models which have a noticeable influence on their 
performance. 

3. Performance evaluation metrics 

In this investigation, the coefficient of determination (R2) and root 
mean square error (RMSE) are utilized to evaluate the accurateness and 
effectiveness of the designed models in forecasting the time series GWL. 
These statistical metrics are formulated by the following equations as 
follow: 

R2 =

(∑N
i=1(xi − μx)

(
yi − μy

)

Nσxσy

)2

(13)  

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑N

i=1
(xi − yi)2

N

√
√
√
√
√

(14)  

where N denotes the number of datasets, yi and xi are the forecasted and 
measured GWL at the time i, σy and σx are the standard deviation of the 

Fig. 5. Internal operations of a GRU cell.  
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forecasted and measured GWL, respectively, μy and μx are the forecasted 
and measured GWL, respectively. The optimum amounts for the afore
said metrics are 1 and 0, respectively. 

Fig. 6. Architect of GRU based layers network models. (a) Structure of the general Single-GRU layer network model, (b) Structure of simple Double-GRU layers 
network model (GRU2 model), (c) Structure of Double-GRU model coupled with Addition layer (GRU2+ model). 

Table 3 
Results of model (1) in the training and testing stages.  
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4. Results and discussion 

4.1. Validation of general Single-GRU model 

In the model (1) after several experiments, the optimal value for P- 
rate, SAF, and NoN is attained 0.4, tanh, and 75, respectively. Under the 
optimal scenario, in the training stage after 1000 iterations, the value of 
RMSE and loss as the performance metrics are approximately obtained 
1E-5 and 1E-7, respectively, however, the value of learning rate is ob
tained 5E-8. After calibration, this model is validated by the testing 
datasets. Results of model (1) with respect to P-rate, SAF, and NoN in the 
calibration and validation stages are presented in Table 3 wherein the 
bolded amounts denote the optimal scenario features. 

In keeping with Table 3, it can be understood that too many NoN 
(150) induces to increase RMSE because of the overfitting problem, but 
smaller NoN (50) reduces the network learning ability or the under
fitting problem. Also, the model (1) in the training stage is more precise 
than the testing stage. 

As can be seen from Table 3, in the same NoN, by increasing P-rate, 
the value of running time decreases, yet in the same NoN and P-rate, the 
scenarios with SAF of softsign are faster than tanh. Besides, in the same P- 
rate, by increasing the value of NoN, the running time increases. 

4.2. Validation of Double-GRU models 

In the training stage of Double-GRU models, under the optimal sce
nario after 1000 iterations, the value of RMSE and loss as the perfor
mance metrics for simple Double-GRU model (2) (GRU2 model) are 
obtained about 1E-4 and 1E-5, respectively, and for the new proposed 
model (3) about 1E-5 and 1E-7, respectively. Besides, the value of 
learning rate for both models is obtained 5E-8. 

As abovementioned, different combinations of activation functions 
were used in SAF of GRU layers in the hidden layer of both models. In 
this respect, in both models after several trials, the “tanh-softsign” 
combinations are specified as an apt option. Also, the ideal value of P- 
rate and NoN for both models are achieved 0.5 and 50, respectively. 

Results of models (2) and (3) with respect to P-rate and NoN are 
presented in Table 4 wherein the expression “tanh-softsign” implies that 
the kind of SAF in GRU layers 1 and 2 are the tanh and softsign, 

respectively, and also the bolded quantities denote to the optimal 
scenarios. 

According to Table 4, it is also clear that in both models too many 
NoN (150) causes to increase RMSE because of the overfitting problem, 
nevertheless, the smaller NoN (30) causes the underfitting problem. As 
well, both models in the calibration phase are more precise than the 
validation phase. Also, in the same NoN, by rising P-rate, the value of 
running time decreases, however in the same P-rate, by increasing the 
value of NoN, the running time increases. 

Over and above, as said in Table 4, it can be discerned that by using 
dissimilar AF in the hidden layers of employed models, they can learn 
more complex and nonlinear functions. With regards to, the “tanh-soft
sign” combination causes the model not to be more susceptible to the 
overfitting problem in the training phase. Softsign activation function 
can strengthen the rapidity of models training, while tanh activation 
function can suitably distinguish intricate relationships in the long-term 
time series (Yin et al., 2020). However, in this case, the kind of data has a 
momentous impact in figuring which combination ponders as the best 
one. 

4.3. Performance evaluation of designed models 

In the current research, we emphasize the capacity and infrastructure 
of designed models to assess their performance. Relating to, MATLAB 
2021a offers a significant parameter namely, TLP (Total Learnable Pa
rameters), as a main measure and norm to determine the physical ca
pacity of designed models. A model with optimum NAD and NoN 
definitely results in a good-adjusted TLP and consequently reduces the 
impacts of overfitting problem. Concerning, Table 5 is provided to 

Table 4 
Results of models (2 and 3) in the training and testing stages.  

Table 5 
Characteristics and statistical indices in the optimal scenario of applied models 
in the testing stage.  
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contribute the features of optimal scenario of designed models in the 
testing stage. 

In keeping with Table 5, the model (2) on account of the maximum 
value of TLP is instinctively anticipated to be the most precise and the 
best one. All the same, in keeping with the evaluation metrics, it can be 
noticed that in the same hyperparameters the new proposed model (3) 
outperforms and predicts more exactly than models (2) and (1). The 
performance statistics of the model (3) has resulted in an R2 of 0.91 and 
an RMSE of 0.092 (m), whilst the model (2) and (1) has resulted in an R2 

of 0.56 and 0.796, an RMSE of 0.279, and 0.1823 (m), respectively. The 
chief reason for this disagreement and quirkiness can be explained for 
too extra value of TLP in the model (2) compared to the model (3) and 
(1). Videlicet, the model (2) because of overcapacity memorizes 
partially the training dataset, meaning it relatively overfits and losses in 
the optimization process. In sum, the model (2) shows weak perfor
mance and is not suitable to estimate the time series GWL in the study 
area. 

All in all, according to the value of TLP in the model (3), it can be 
concluded that in the same hyperparameters, inserting Addition layer 
(+) into the model (2) causes to create a suitable NAD with a balanced 
TLP value. Furthermore, it cannot be always concluded that only by 
increasing the number of GRU layers and NoN, the accuracy and capa
bility of designed models are undoubtedly improved. Regarding, as a 
topmost result, for achieving an operative model, an appropriate 
structural architecture with optimal NoN and well-proportioned TLP 
along with utilizing the algorithm tuning process must be employed. 

In terms of iterations and running time in the designed models, the 
model (3) attributable to the balanced TLP value begets the model to 
acquire quicker sub-optimum weight sets (1000 iterations in the 47 s). 
Nonetheless, the GRU2 model with the highest TLP induces the model to 
acquire further and even generally optimal weight sets and consequently 
takes longer to train (1000 iterations in the 53 s). 

Fig. 7 demonstrates the schematical comparison of the observed and 
predicted time series GWL by the designed models in the testing stage. 
Visual analysis of Fig. 7 affirms that the model (3) can suitably 
remember the previous observed time series GWL and fittingly captures 
the variation trend. However, the GRU2 model fails to fit data and di
verges from the observed values, particularly in the peak values that 
indicate to the high deviations. 

For determining the superior model, it is necessary to consider the 
effect of running time scale. In this direction, the “Model Grading” 
process proposed by Vaheddoost et al. (2016) is employed as the sup
plementary statistical comparison for developed models. In this process, 
success grade (SG) and failure grade (FG) of performance is defined as 

follows: 
Willmott index (WI) 

WI = 1 −
∑N

i=1(xi − yi)2

∑N
i=1(|yi − μx| + |xi − μx| )

2 (15) 

Nash-Sutcliffe efficiency (NSE) 

NSE = 1 −
∑N

i=1(xi − yi)2

∑N
i=1(xi − μx)

2 (16)  

SG(WI) =
WIi
WImax

× 10 (17)  

SG(NSE) =
NSEi

NSEmax
× 10 (18)  

FG(RMSE) =
RMSEi

RMSEmax
× 10 (19)  

FG(Time) =
Timei
Timemax

× 10 (20) 

Total Grade (TG) of each model obtains by adding up FG and SG of 
each model separately which can change between − 20 and + 20, and is 
defined as follow, 

TG = SG(WI)+ SG(NSE) − FG(RMSE) − FG(Time) (21) 

TG obtained by Equations 15–21 is presented in Table 6. Along with 
the values of TG in Table 6, the model (3), is selected as the superior 
model for forecasting the time series GWL, whereas the results gained by 
the model (1) are the second best. It shows that the newly suggested 
model (3) outperforms and regards as the best and most accurate model. 

5. Conclusion 

Knowledge of predicting groundwater level fluctuations is essential 
for operative managing of drinking water exclusively in arid and semi- 
arid regions, surface subsiding, and security of water resources. In this 
sense, in the current research, we evaluated GWL fluctuations over a 
long-term in Urmia plain a farming region in Urmia city, West 
Azerbaijan Province, Northwest Iran, by using three different layer 
structures of GRU based neural network models via the seq2seq module, 
modern deep learning scheme. To develop models for precise prediction 
of GWL with time series features, 180 mean monthly observed water 
table depths of 42 different piezometers during the period (Oct 

Fig. 7. Comparison of predicted and measured GWL in the testing stage (60 months between Oct 2012–Sep 2017).  
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2002–Sep 2017) were used. The situation of the applied piezometers 
was selected so that cover all study regions with different statistical 
indices. For implementing designed models, regional average monthly 
air temperature (Tam), precipitation (Pm), evaporation (ETm), and total 
(sum) mean monthly water diversion discharge (Wdm) of main rivers 
collected from different meteorological and hydrometry stations were 
evaluated as potential variables. However, results of data preprocessing 
by Shannon entropy scheme confirmed Pm, Tam, and Wdm as the effective 
input variables. Yet, Tam was nominated as the most influential and 
sensitive one by Cosine amplitude sensitivity analysis. For better 
configuration and decreasing overfitting or underfitting problems, al
gorithm tuning by SAF, P-rate, and NAD as hyperparameters accompa
nied by the trial-and-error process was adopted. The major outcomes of 
modelling are as follows:  

1. All developed models in the calibration stage were more precise than 
the validation stage. Also, in the same NoN, by rising P-rate, the value 
of running time reduced, yet in the same P-rate, by increasing the 
value of NoN, the running time increased.  

2. In Double-GRU models after several experiments, “tanh-softsign” 
combinations in SAF of GRU layers in the hidden layer were specified 
as an apt option. Also, the optimal value for P-rate and NoN in both 
models were achieved as 0.5 and 50, respectively. 

3. Despite the maximum value of TLP in the model (2), the new pro
posed model (3) excelled in the models (2) and (1). The models (3) in 
comparison with the models (2) and (1) makes to diminish the value 
of RMSE almost by %66 and %48, respectively.  

4. Because of the poor performance of the model (2), as a substantial 
outcome, it can be reasoned that for accomplishing an effective 
model, the optimum NAD, NoN, and TLP through the algorithm 
tuning and trial-and-error processes must be utilized. 

The recommended new operational GRU-based structure (3) by the 
authors considers exceptional from usual neural network models and 
has not been regularly employed in the field of hydrology science. It 
presents a satisfactory state-of-the-art approach since its superiority was 
proven by practical performance. Counter to the other AI algorithms, it 
considers so inexpensive, uncomplicated, and time-saving. As well, in 
the same hyperparameters, owing to the well-proportioned NAD, it 
caused a balanced TLP value and consequently more precision in com
parison with the traditional GRU-based models, yet it was taken too long 
to train and converge compared to the model (2) even with less NoN. 
Accordingly, it can be employed as a smart intellectual model to esti
mate time series GWL under diverse conditions of water resources 
management. 

This model under the optimal hyperparameters yielded in an R2 of 
0.91, an RMSE of 0.094 (m), and an NSE of 0.91. However, in the 
developed models by Wunsch et al. (2021) under the best method i.e., 
NARX via the seq2seq module and meteorological input parameters, 
GWL modeling in the applied wells dependence on the range of 
groundwater resulted in an R2 of among 0.08 and 0.72, an RMSE of 
among 0.07 and 0.52 (m), and an NSE of among − 0.07 and 0.9. 

In spite of the remarkable advantages of the novel model (3), it has 
some limits such as prerequisite to the continual gauge of different water 
table depths, a high number of monitoring piezometers, hydrological, 
and meteorological record of data over a long-time period to estimate 

accurately GWL in a study area. Also, because GWL cannot deliberate as 
a stationary typical hydrological time series or a consistent natural 
phenomenon, forecasting it with different interval responses in an 
agricultural area is definitely regarded as a demanding and time- 
consuming problem. 

Notwithstanding the present investigation appraised the capability 
of different structures of GRU-based model in estimating GWL, the 
approaching studies could be performed by other types of methods via 
hybridizing DNN models with optimization algorithms such as Particle 
Swarm Optimization (PSO), Fertile Field Algorithm (FFA), etc. Then, the 
consequences should be paralleled with the upshots of the present study 
so as to the excellent AI technique could be specified. 

To end, consistent with the consequences of the current modelling, 
the authors advise TLP factor as a noteworthy criterion and critical 
measure to assess the forecasting capability and performance of 
designed DNNs-based models. Indeed, it determines the practical ca
pacity and can be applied to check the overfitting or underfitting 
problems. 
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